Escaping from the Filter Bubble? The Effects of Novelty and Serendipity on Users’ Evaluations of Online Recommendations by Matt, Christian et al.
 Thirty Fifth International Conference on Information Systems, Auckland 2014 1 
Escaping from the Filter Bubble? The Effects 
of Novelty and Serendipity on Users’ 
Evaluations of Online Recommendations 
Completed Research Paper 
 
 
Christian Matt 
LMU Munich 
Ludwigstr. 28,  
80539 Munich, Germany  
matt@bwl.lmu.de 
 
Alexander Benlian 
TU Darmstadt  
Hochschulstr. 1 
64289 Darmstadt, Germany 
benlian@ise.tu-darmstadt.de 
Thomas Hess 
LMU Munich 
Ludwigstr. 28,  
80539 Munich, Germany  
thess@bwl.lmu.de 
 
Christian Weiß 
LMU Munich 
Ludwigstr. 28,  
80539 Munich, Germany  
weiss.christian@campus.lmu.de 
 
Abstract 
Recommender systems aim to support users in identifying the most relevant items. 
However, there are concerns that recommenders may imprison users in a “filter bubble” 
by recommending items predominantly known to them. On the other hand, providing 
unconventional items may increase risks of not meeting users’ taste. Given this trade-off, 
we analyze the effects of consumers’ perceived levels of recommendation novelty and 
serendipity on perceived preference fit and enjoyment. We find that merely increasing 
the level of novel recommendations is disadvantageous. Instead, recommenders should 
provide more serendipitous recommendations as this leads to higher perceived 
preference fit and enjoyment. In addition, market and recommender technology 
characteristics must be taken into account, since they partially determine the level of 
novel and serendipitous recommendations. Our findings have significant implications 
for research as they add additional insights on users’ evaluations of recommender 
systems. For practice, our results support online retailers in developing better 
recommenders. 
Keywords: Online recommendations, user preferences, recommendation novelty, 
           recommendation serendipity, recommender systems 
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Introduction 
Recommender systems have become prevalent on the Internet. Based on statistical patterns they aim to 
suggest the most relevant products, information or actions for users and thus can also affect users’ life 
besides online shopping (Hess et al. 2014; Hosanagar et al. 2014). This has become even more important, 
since there are numerous online stores that carry vast numbers of different products and it is practically 
impossible for consumers to manually browse through the whole product range (Hinz and Eckert 2010; 
Veit et al. 2014). Compared to the pre-internet era, many online stores now focus profitably on the so 
called “long tail”, i.e. these are niche products which are sold only rarely, but can still amount to a 
substantial revenue (Anderson 2006; Brynjolfsson et al. 2011).  
For online stores, efficient recommender systems are essential and can help to increase sales (Pathak et al. 
2010). The performance of recommender systems can be measured in terms of users’ acceptance and the 
perceived quality of the recommendations, which in turn has an influence on users’ intention to 
repurchase (Zhang et al. 2011). It is known that the perceived quality of online recommendations differs 
across different recommender technologies. In particular, computer science research has invested 
significant efforts in increasing the precision of anticipations of future purchases based on previous 
purchases (Adamopoulos and Tuzhilin 2011; Bell et al. 2009). Despite substantial progress in improving 
recommendation accuracy, there have been concerns that the increasing usage of recommender systems 
can create a “filter bubble” (Pariser 2011).  
Following this, users mostly receive recommendations which match their pre-stated implicit or explicit 
preferences very closely, and thus restrict them from finding something new (McNee et al. 2006; Zhou et 
al. 2010). When providing online recommendations that match previous purchases, there is a higher 
chance that users will also like other recommended items. However, sticking too close to their own 
comfort zone is not always desirable for users, as sometimes it takes looking beyond the obvious to 
discover different, but highly valued items. So, when browsing through different websites and also in 
traditional retail, users may discover interesting items they were originally not looking for.  
There are concerns that current recommender systems do not sufficiently account for niche products, and 
that retailers focusing on niche products may suffer from this (Zhou et al. 2010). However, tuning 
recommender systems to more novel and serendipitous recommendations instead of accuracy can 
increase the risk of deviations from users’ taste and may, as a consequence, lead users to stop following 
recommendations in the future. Therefore, a good balance between novelty, serendipity, as well as 
accuracy of recommendations seems to be necessary. Most research related to this stems from computer 
science and focuses on altering existing recommendation algorithms to provide more diverse 
recommendations (e.g., Zhang et al. 2012; Zhou et al. 2010), and on effects on the popularity of 
recommended items (Adomavicius and Kwon 2012). However, apart from technical specifications, the 
user’s side remains mostly unexplored. Research in IS and e-commerce has recently discussed this issue 
from a different angle and has shown that a more diverse product offer can increase customer retention 
rates (Park and Han 2013). Consequently, the authors suggest that vendors should optimize their 
recommender systems for more diversity. However, there is still an evident lack of knowledge on how 
users perceive recommendations on items that are different from what they are already familiar with. 
Using a web-based field experiment with high ecological validity, we assess whether consumers really 
want to “escape from the filter bubble”, i.e. whether they prefer recommendations of items that are close 
to their previously stated taste preferences. We draw on concepts of recommendation novelty and 
recommendation serendipity and address the following research questions: 
• What is the effect of perceived recommendation novelty and perceived recommendation 
serendipity on the evaluation of online product recommendations?  
• Do the effects of perceived recommendation novelty and perceived recommendation serendipity 
differ between recommender technologies and underlying markets?  
Our research aims to close research gaps concerning users’ acceptance and evaluation of recommender 
systems by providing a more accurate picture of antecedents that constitute, whether a recommendation 
is relevant for users or not. We expect these results to provide a better basis for optimizing current 
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recommender systems as well as the development of new ones. In addition, we believe that our results 
have implications for any kind of decision support in general. 
The rest of the paper is organized as follows: In the next section we present the conceptual foundations of 
the effects of recommender systems on users and markets, as well as the focal concepts of 
recommendation novelty and serendipity. Next, we introduce our research model and develop the 
underlying hypotheses, followed by a description of the experimental layout. The results of this study are 
presented and discussed thereafter. Finally, we provide further implications and a summary of the results 
as well as the limitations of the paper. 
Conceptual Foundations 
Effects of Recommender Systems on Markets and Users  
Due to their ability to reduce information overload by filtering the most relevant products for different 
users, recommender systems have become ubiquitous in e-commerce (Hinz and Eckert 2010; Xiao and 
Benbasat 2007). Their usage has had an effect both on aggregated markets as well as on individual 
consumers.  
For the former, their role has mostly been analyzed in respect of the long-tail-phenomenon and associated 
changes in the distribution of sales diversity (Anderson 2006; Brynjolfsson et al. 2011). In contrast to 
many physical stores and physical markets, for which few bestseller products typically account for large 
shares of the overall revenue, online stores can easily carry a large number of niche products at little cost 
(Fleder and Hosanagar 2009; Ho et al. 2011). However, there is still conflicting evidence on the impact of 
recommender technologies on this long-tail phenomenon and whether recommenders lead to a 
fragmentation or homogenization of consumers in respect of common purchases (Brynjolfsson et al. 2011; 
Brynjolfsson et al. 2006; Hosanagar et al. 2014). While some authors argue that recommender systems 
enable consumers to better find niche products, others hold that they increase the popularity of already 
popular items (Fleder and Hosanagar 2009). However, more recent research indicates that to answer this 
question a further differentiation between recommender technologies is necessary (Matt et al. 2013). 
In comparison to this, numerous other studies have investigated the influence of recommender systems 
on individual users. It has been shown that recommender systems influence consumers’ purchases (e.g., 
Senecal and Nantel 2004) and that they can boost sales, which is why they are often used to sell additional 
or higher-priced products (Ahn 2006). However, there are different factors which can influence users’ 
perceptions of online recommendations, including the source of the recommendation. Online 
recommendations can have a higher influence on consumer decisions than social recommendations from 
the user’s environment (Fleder and Hosanagar 2009). It has also been shown that users perceive provider 
and user generated product recommendations differently with regard to the perceived usefulness, but also 
related to their trustworthiness (Benlian et al. 2012). The potential effect of recommender systems is 
therefore a cause of how users evaluate recommendations and how they perceive their quality.  
Accuracy of Recommender Systems 
For a long time, improving recommendation accuracy has been seen as the key to increasing the perceived 
quality of recommender systems. Accuracy is mostly measured by comparing the underlying 
recommender algorithm’s prediction against user’s rating of a product (McNee et al. 2006). Both research 
and practice have invested significant effort to increase the accuracy of recommender systems 
(Adamopoulos and Tuzhilin 2011; Hurley 2011). The underlying reasoning is that more information about 
products and users enables a better basis for future decisions  and helps online stores to create a stronger 
link between previous purchases and future recommendations (Bechwati and Xia 2003). 
However, there have been concerns that high recommendation accuracy does not necessarily correlate 
with providing the most relevant recommendations for users (Adomavicius and Kwon 2011; Zhou et al. 
2010). When users receive very accurate recommendations (i.e. the recommended items match their 
preferences well), they are likely to receive recommendations which are within a narrow scope of products 
already familiar to them. Since the number of recommendations and users’ cognitive capacity is limited, 
they are therefore more likely to miss opportunities to see different products (Hosanagar et al. 2014; 
McNee et al. 2006). 
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Although Internet technologies have led to a “world full of niches” (Anderson 2006) most current 
recommender systems are not able to provide unexpected recommendations to users (Ahn 2006). This 
phenomenon is known as the “filter bubble” and describes “that users could be trapped in a self-
reinforcing cycle of opinion, never being pushed to discover alternative genres or viewpoints“ (Zhang et al. 
2012).  
Thus, many researchers argue that other characteristics should be taken into account to increase users’ 
satisfaction with recommender systems (Adomavicius and Kwon 2011; Adomavicius and Kwon 2012; 
McNee et al. 2006). Some hold that recommender design should be less focused on technical aspects, but 
more on the underlying user behavior (Fleder and Hosanagar 2009). In this context, recommendation 
novelty is frequently stated as being considerably influential (Adomavicius and Kwon 2011; Adomavicius 
and Tuzhilin 2005). More recent approaches also target recommendation serendipity, which involves a 
positive feeling of surprise (Zhang et al. 2012). We follow this line of research and hold that in addition to 
accuracy, it is recommendation novelty as well as recommendation serendipity which mainly govern 
users’ evaluation of recommendations. 
Novelty and Serendipity of Online Recommendations 
Research claims that novelty is highly desirable for online recommendations (Vargas and Castells 2011). 
Novelty measures whether recommended items are already known to distinct users or to a community as 
a whole. At the same time, novel recommendations should not consist of obvious items. Therefore, items 
which are very likely to be already familiar to users should not be recommended, since these users could 
have already made a considerate decision to not purchase the item (Herlocker et al. 2004). There are 
various approaches to measuring novelty, and most of them try to take the overall recognition of a product 
on a market basis into account. Since users may have already seen an item in a different place, taking 
market sales figures into account could help to estimate, whether an item is already familiar to users. 
However, in the past many authors believed that there is a trade-off between accuracy and novelty, i.e. 
more recommendation novelty may lead to less accurate recommendations and thus could elicit 
unsatisfactory results for users (Vargas and Castells 2011). On the other hand, for online store providers, 
generating more recommendations of previously unrated items increases the likelihood of  receiving more 
first time customer reviews for these products and can therefore, in turn, increase the accuracy of future 
recommendations (Adomavicius and Kwon 2012). 
As another potential measure that has recently gained more popularity, recommendation serendipity 
builds upon the concept of novelty, but expands this by the factor of a positive, unexpected discovery 
(Herlocker et al. 2004). The positive, emotional surprise requires that in order to be attractive to users, a 
recommendation must be useful for users as well. McNee et al. (2006) stress that serendipity means 
experiencing fortuitous and unexpected recommendations. Ge et al. (2010) list unexpectedness and 
usefulness as two core characteristics of serendipity. According to them, besides novelty as one 
requirement for serendipity, the user should be unlikely to discover the recommended item unaided. 
Therefore, a recommendation of a new film by one’s favorite movie director may be novel as well as 
useful, but it is not necessarily serendipitous as it is very likely that users would have found this new film 
sooner or later themselves (Herlocker et al. 2004). 
Research in computer science continues to discuss the challenges in adjusting current recommender 
technologies to provide more novel and serendipitous recommendation (Zhang et al. 2012). However, 
there is a significant research gap in targeting users’ perspective and analyzing what the ideal levels of 
novelty and serendipity from users’ perspective actually are and how they relate to technological and 
market-based influence factors.  
Research Model and Hypotheses 
To empirically validate the impact of perceived recommendation novelty and perceived recommendation 
serendipity on perceived preference fit and perceived enjoyment, we developed the research model 
depicted in Figure 1. With this, we do not only seek to clarify the relationships between perceived 
recommendation serendipity/perceived recommendation novelty and perceived preference fit/perceived 
enjoyment. In addition, we aim to provide a more comprehensive picture, by accounting for different 
antecedents in form of two technological and two market type influence factors. For the former, this 
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includes the two most common basic recommendation approaches (content-based and collaborative 
filtering). For the latter, we varied the ratios of known and unknown songs to assemble blockbuster and 
niche markets. We will discuss each of the resulting hypotheses in the following: 
 
Perceived
Recommendation
Novelty
Recommender
Technology
Market 
Characteristics
Perceived
Preference Fit
Perceived
Enjoyment
Perceived
Recommendation
Serendipity
 
Figure 1.  Conceptual Research Model 
 
Effects of Perceived Recommendation Novelty on Perceived Preference 
Fit/Perceived Enjoyment 
One main challenge is to measure the actual degree of novelty for a particular user/item-combination. 
Even if consumers have not previously seen a specific item in an online store, it does not necessarily mean 
that they do not know this item, as they could have seen the item elsewhere (and they may also like it). 
Therefore, taking store-wide data for unseen items for each user into account does not guarantee that all 
of these items are new to users. Even when taking market purchase data into account, it is still not fully 
clear whether an item is already familiar to users. 
Therefore, instead of the system-inherent perspective, we consider the users’ perceived level of 
recommendation novelty and what the effect on perceived preference fit and perceived enjoyment are.  
Research and practice have focused on increasing recommenders’ accuracy, mainly due to concerns that 
an increase in novelty can potentially decrease recommendation accuracy. In line with this, if 
recommendations are new to users they may still provide only little value if they do not fit the user’s taste. 
The higher risk of providing recommendations that do not match user preferences is due to the lower 
amount of underlying data that a provider has about a specific item/user relation. We follow this 
reasoning and conclude: 
Hypothesis 1a: Perceived novelty of online recommendations will have a negative effect on perceived 
preference fit. 
Independent of the aforementioned challenges in calculating recommendation novelty for specific 
user/item-combinations it is generally believed that users are interested in receiving novel online 
recommendations (Herlocker et al. 2004). However, the provision of recommendations of already known 
items can lead to unsatisfactory results for users. We believe that in contrast to this, receiving 
recommendations of novel items can have affective effects on users, leading to a higher enjoyment of the 
item selection task. In addition to experiencing something new, this is also because the recommender 
system has increased the number of salient products users can choose from. We thus hold: 
Hypothesis 1b: Perceived novelty of online recommendations will have a positive effect on perceived 
enjoyment. 
Effects of Perceived Recommendation Serendipity on Perceived Preference 
Fit/Perceived Enjoyment 
For novelty we assumed that recommendations are not of high value to users if they are merely novel, but 
do not match users’ taste. In contrast to this, we argue that serendipity is a key element to providing 
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better recommendations to users. In addition to the novelty component, being a valuable and surprising 
discovery to users is inherent to serendipity. We believe that this combination of factors is suitable to 
ensure a high preference fit for users.  Therefore, in contrast to novelty, we argue: 
Hypothesis 2a: Perceived serendipity of online recommendations will have a positive effect on perceived 
preference fit.  
Serendipity and its effects on people has mostly been discussed in the context of Internet browsing and 
social media (Hart et al. 2008). Public media also discusses the potential effects of filtering algorithms on 
peoples’ discovery of unexpected items – both from an outcome-oriented effectiveness angle as well as 
from an affective perspective (CNN 2013). In addition to providing recommendations that fit users’ 
preferences better, we believe that unexpected, but rewarding discoveries of items can also have a positive 
effect on consumers’ perceived enjoyment since users may realize that they have taken a better purchase 
decision than expected. We thus argue: 
Hypothesis 2b: Perceived serendipity of online recommendations will have a positive effect on perceived 
enjoyment. 
Effects of Recommender Technology on Perceived Recommendation Novelty/ 
Perceived Recommendation Serendipity 
The two main recommender technologies are content-based filtering (CBF) and collaborative filtering 
(CLF) (Burke 2000; Xiao and Benbasat 2007). However, today various sub-forms and also hybrid 
combinations of both methods are used to combine the advantages of both approaches (Burke 2002). 
CBF-systems create recommendations based on similarities between different items. Here, the main idea 
is that users are more likely to select or purchase items that are similar to the ones they have already 
purchased. Product similarities are calculated based on product characteristics, and for music, they 
include genre, artists or song length for instance. Product characteristics are more difficult to describe for 
experience goods (such as music) than for search goods (such as cars). In contrast to this, CLF-systems 
create recommendations based on similarities between users (Balabanović and Shoham 1997). The main 
assumption is that if two users have purchased similar goods in the past, they are also likely to enjoy 
similar items in the future. Thus, purchases that only one of the two similar users has made, are 
recommended to the other user. CLF-recommenders frequently use the Pearson correlation coefficient or 
the cosine function to calculate similarities (Ahn 2006).  
Previous research argues that CBF-recommenders are less likely to create novel and unexpected 
recommendations since if products are recommended that are close to users’ tastes, there is a high 
likelihood that users are already familiar with this product (Herlocker et al. 2004). We acknowledge this 
point, but believe that this is difficult to generalize and probably differs between products and domains. 
As mentioned before, product characteristics are difficult to describe for experience goods. Thus, if 
similarities between two songs are calculated merely based on their content (i.e. music-related similarities 
such as genre or tone), they could be seen as similar content-wise, but still appear fairly different to users.  
CBF-recommenders  promote  products  based  on  their  characteristics  and  not  based on  their 
popularity. Thus, even slow-selling products have equal chances of being recommended by CBF-systems. 
In contrast to this, for CLF-recommendations a self-enhancing circle can arise, for which products that 
are purchased by many customers (popular products) are more likely to be recommended by CLF-
recommenders. If these already popular products are recommended more often, they are more likely to be 
purchased more often and so on (Fleder and Hosanagar 2009). Therefore, we hold that CBF-
recommenders could lead consumers to discover more unfamiliar products and hold: 
Hypothesis 3a: Consumers will perceive higher novelty of online recommendations generated with CBF 
than with CLF. 
The assumptions for the effects of the recommender technology in use on perceived recommendation 
serendipity are more difficult to estimate. Since we believe that CBF-recommendations will include a 
higher number of novel recommendations, one requirement for serendipity is fulfilled. Moreover, 
serendipitous recommendations must be both unexpected and useful to consumers. We argue that in 
addition to the higher level of novelty, CBF will also successfully generate more unexpected, but still 
useful recommendations. The recommendations are likely to be more unexpected, given that the 
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underlying popularity of the song is not taken into account and thus songs from rather unknown artists 
can be recommended. Recommendations are likely to be still useful, considering that CBF-systems seek to 
recommend products that match users’ preferences closely. We therefore propose: 
Hypothesis 3b: Consumers will perceive higher serendipity of online recommendations generated with 
CBF than with CLF. 
Effects of Market Characteristics on Perceived Recommendation Novelty/ 
Perceived Recommendation Serendipity 
In many online markets a steady growth of long-tail market distributions has been observed (Anderson 
2006; Brynjolfsson et al. 2011). Markets for media products are typically blockbuster markets, for which 
few bestseller products typically account for large shares of the overall market sales. In contrast to this, 
niche markets are characterized by a high share of slow-selling products which, viewed aggregately, can 
amount to a large share of revenue for vendors (Fleder and Hosanagar 2009; Ho et al. 2011). Providing 
more niche products can help vendors to increase profits and retention rates (Park and Han 2013). 
From a statistical point of view, it seems rather obvious that a higher share of niche songs increases the 
probability that recommendations will contain more niche songs. However, apart from population-based 
assumptions it is not fully clear whether a higher share of niche items in the population will lead to a 
higher share of novel recommendations. Instead, it could well be that rather popular items remain more 
successful in being promoted, leaving the ratio of recommended blockbuster and niche products 
unchanged. For CBF this does not seem realistic. Since sales-popularity is not taken into account when 
calculating similarities, we follow the statistical assumption that a higher share of unpopular songs in the 
population will lead to more recommendations of niche songs.  
For CLF things are slightly different. If a high proportion of users still decides to purchase generally well- 
known items, these are more likely to be recommended. So it would be possible that a higher number of 
less well-known items does not change the ratio of blockbuster versus niche recommendations. However, 
since niche songs do not need to be of worse quality, we believe that a higher number of the previously 
unknown songs will be purchased and build the basis for further recommendations to other users. We 
thus hypothesize: 
Hypothesis 4a: Consumers will perceive higher novelty of online recommendations in niche markets 
than in blockbuster markets. 
Furthermore, for recommendation serendipity, again we follow the previously discussed statistical 
assumptions that a higher number of unknown songs in the population will lead to more 
recommendations of unknown songs. Assuming identical quality and an identical ratio of novel and 
serendipitous songs among the niche songs compared to the blockbuster-market, we suggest: 
Hypothesis 4b: Consumers will perceive higher serendipity of online recommendations in niche markets 
than in blockbuster markets. 
Implementation as a Web-Experiment 
Experimental Design, Incentives and Procedures 
In contrast to simulations and analytical models, a web-based field experiment allows us to analyze 
actual, instead of intended, user behavior. In addition, it provides us with a high level of control over the 
environment and thus enables us to clearly exclude undesired effects. To ensure a high ecological validity, 
we used state-of-the-art technologies and designed the experiment in the form of a very interactive web 
application (Appendix 1 and 2). The interactive features and the elaborate design helped to enable our 
online music store to look similar to real online stores for digital music.   
We have chosen digital music as the product in question because purchasing music over the Internet has 
become very popular among consumers. Furthermore, music is considered to be an experience good and 
its quality is therefore difficult to evaluate prior to consumption, based solely on product information. In 
contrast, even a short trial of the product enables consumers to better anticipate the fit of a music track to 
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their taste. Therefore, in our experiment, participants had the opportunity to listen to free 30-second 
previews for all tracks.  
To increase participants’ motivation to choose among all available songs carefully, participants were told 
that every 10th participant would win the 5 songs they were asked to select during the experiment. We did 
not apply a time limit to leave participants as much time as needed to make well-founded choices.  
In a 2x2 between-subjects-design we implemented four different treatments to which participants were 
randomly assigned. The treatments included two different recommender system technologies, namely 
collaborative filtering (CLF) and content-based filtering (CBF), as well as two different underlying market 
characteristics - “blockbuster” and “niche” markets, which differed in the share of well-known and less 
well-known songs (Table 1). To make participants believe that the recommendations were individually 
calculated for them, the recommendations were introduced as “personal recommendations”. However, 
participants did not learn which type of recommender technology was used to calculate their 
recommendations.  
Table 1. Overview of Treatments 
Market Type 
Recommender Type 
Collaborative Filtering (CLF) Content-based Filtering (CBF) 
Blockbuster (BB) CLF x BB (n=33) CBF x BB (n=31) 
Niche (NI)    CLF x NI (n=32) CBF x NI (n=34) 
 
To provide CBF- and CLF-recommendations, it is necessary to have information on participants’ tastes. 
For this purpose a separate rating phase was conducted first, in which all participants were asked to 
evaluate 15 different songs (“rating tracks”) on a Likert scale from 1 (do not like the song at all) to 5 (like 
the song very much). These tracks included the currently most popular (#1), the fifth (#5) and the 500th 
most popular song (#500) as indicated by the music intelligence platform Echo Nest in the genres pop, 
rock, hip-hop/r&b, electronic music, and oldies. The track selection was intended to cover a wide range of 
songs and genres to gain a differentiated picture of the participants’ musical tastes and to provide an 
appropriate basis for the content-based and collaborative recommendations.  
In the subsequent purchasing phase, participants received recommendations which were created by the 
two different recommender technologies. Here, participants had to purchase 5 out of 500 digital music 
tracks (“choice tracks” in the following). For the blockbuster treatments these songs consisted of 350 
popular and 150 niche songs, while in the niche market the ratio of popular and niche songs was inverse. 
Popular tracks were randomly drawn from the 500 most popular tracks as indicated by Echo Nest. As in 
the rating phase, participants again had unlimited access to 30-second samples of each song to see 
whether they liked the song. In addition, participants received 5 recommendations of different music 
tracks. These tracks (“recommendation tracks”) were clearly marked as recommendations and located in a 
dedicated part of the website. Participants were not obliged to listen to or to select any of the 
recommended tracks.    
In a post-experimental survey, we asked participants to rate their music selection experience during the 
experiment and in relation to the recommendations they received. We also gave participants the option to 
see and listen to the previously obtained recommendations again, in case they had not yet listened to all of 
the recommendations during the music selection task. Based on the different survey items, we measured 
participants’ levels of perceived recommendation novelty, perceived recommendation serendipity, 
perceived preference fit, and perceived enjoyment. 
Implemented Recommender Technologies 
Collaborative Filtering 
To provide recommendations, collaborative filtering calculates similarities between different users. The 
underlying assumption is that if two users have had similar opinions on two common products in the past, 
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they are more likely to share the same opinion on future items. We used the cosine similarity function to 
calculate the collaborative filtering function.  
CLF-recommenders may suffer from a cold-start problem if they are based on little or no initial data. In 
this case, early recommendations can be heavily affected by new incoming data, since a small change in 
votes or purchases may have a strong impact on the recommendation order of the items. Since we are 
interested in the general effect of CLF and not its potential problems in special situations (most online 
stores use proxy data to reduce these issues), we previously collected data about music tastes from two 
different groups of participants (in the following they are referred to as “basic profiles”). These 
participants received the same experimental conditions as those in the experimental treatment (e.g. 
interface design, selection of songs), but they did not have access to a recommender system. One of the 
two basic profile groups received the blockbuster and the other the niche market selection of songs.  
Based on this, for each current participant  the most similar participant from the basic profiles was 
identified. Given  as the current participant with as the 15-dimensional vector that contained the 
participant’s rating, then the cosine similarity  to another participant from the set of basic profiles 
 with their respective vector  is calculated as: 
 
The cosine function returns the highest similarity between two users, the closer  is to 1. Therefore, it 
was the highest similarity with one of the participants from the basic profiles , where the difference 
to 1 was minimal . For each participant , the 5 tracks that were selected by the most similar 
participant from the basic profiles were recommended. 
Content-based Filtering  
From all 500 songs in the purchasing phase, the implemented content-based filter  recommended 
those songs to participants that have the highest similarity coefficient with the aggregated rating of the 15 
songs that were evaluated in the rating phase. For the content-similarity calculation between music 
tracks, we used a professional music comparison program that involved a number of different algorithms 
and parameters for the similarity calculation and that returned a matrix with content-based “distances” 
between all tracks. The similarity coefficient was calculated based on the degree of similarity between the 
two most similar songs (as reported by the music comparison program) multiplied with the participant’s 
rating of this song. In line with this, let   be a track from the choice set   and  the most similar 
track from the rating set. Furthermore, let R  be the rating of the current participant for the track  
and S  the degree of similarity between  and . Under consideration of the rating  of the current 
participant  the similarity coefficient  of track  was calculated and based on which participant 
received the 5 tracks with the highest similarity coefficient as recommendations: 
 
For content-based filters, no data from other users is needed. The data basis for both CBF and CLF were 
dynamically updated during the experiment once new data arrived.  
Survey Instruments and Measurement Model 
The survey instruments used validated scales with minor wording changes to achieve a better fit with the 
local scenario (see Table 2). All the questionnaire items were measured on Likert-type scales, anchored at 
1 = “strongly disagree,” 4 = “neutral”, and 7 = “strongly agree.” As in Kamis et al. (2008), two binary 
variables were constructed (i.e., recommender type = 1 for CBF, recommender type = 0 for CLF; market 
type = 1 for niche market, market type = 0 for blockbuster market) to capture the four experimental group 
conditions. 
The model was tested via partial least squares (PLS) analysis using SmartPLS 2.0 with the bootstrapping 
resampling procedure (Ringle et al. 2005). The measurement models were validated using recommended 
validation procedures (Chin 2010). Scale items in one domain were pooled and factor analyzed to assess 
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their convergent and discriminant validity (Table 2). While convergent validity was determined both at 
the individual item level and at the specified construct level, discriminant validity was assessed by 
analyzing the average variance extracted (AVE). Further, all standardized factor loadings were significant 
(p<0.05), thus providing evidence of convergent validity. Construct reliability was assessed by computing 
the composite reliability for each construct. All constructs had a composite reliability above the suggested 
threshold value of 0.70 (Bagozzi and Yi 1988). Further, all constructs met the suggested threshold value 
for the average variance extracted (AVE>0.50).  
To prevent common method bias, we followed the recommendations related to questionnaire design (e.g., 
assurance of respondent anonymity, concrete survey instructions to answer questions as honestly as 
possible, and to reduce ambiguity) as suggested by Podsakoff et al. (2003). To statistically test for 
common method bias, we used Harman’s one-factor test (Harman 1967). We conducted an exploratory 
factor analysis on all the variables, but the first single factor accounted for only 34.29% of the covariance 
in the variables. Besides, correlation statistics indicate that correlations between all latent variables were 
significantly below 0.9 as recommended by Bagozzi et al. (1991). The procedural and statistical remedies 
used in our study suggest that common method bias is unlikely to have significantly affected our results. 
Table 2. Survey Instruments and Descriptive Statistics 
Constructs*   Indicators   Loadings  Source 
Perceived 
Recommen-
dation 
Novelty     
α=0.925 
CR=0.953  
AVE=0.870 
Please indicate how familiar you are with the recommended songs: Becker-
Olsen 
(2003); 
Simonin 
and Ruth 
(1998) 
not at all familiar / extremely familiar 0.946 
definitely do not recognize / definitely do recognize 0.917 
definitely have not heard of it / definitely have heard of it before 0.935 
Perceived 
Recommen-
dation 
Serendipity  
α=0.881 
CR=0.924 
AVE= 0.803 
The recommendation system provided me with:  
new …surprising recommendations that helped me discover new 
music that I wouldn’t have found elsewhere. 
0.780 
…recommendations that I had not considered in the first place 
but turned out to be a positive and surprising discovery. 
0.947 
…recommendations that were a pleasant surprise to me because 
I would not have discovered them somewhere else. 
0.951 
Perceived 
Preference Fit   
α=0.918 
CR=0.924 
AVE=0.856 
Conformity between recommended songs and user preferences. Franke et 
al. (2009); 
Randall et 
al. (2007) 
I like the selection of songs recommended to me on the website. 0.931 
The selection of music titles recommended to me on the website 
comes close to my idea of a perfect selection. 
0.901 
The music titles recommended to me on the website coincide 
with my personal preferences. 
0.943 
Perceived 
Enjoyment   
α=0.937 
CR=0.958 
AVE=0.884  
While using the music website: Kamis et 
al. (2008); 
Koufaris 
(2002) 
…I found my visit interesting. 0.943 
…I found my visit enjoyable. 0.961 
…I found my visit fun. 0.917 
* Presentation of latent variable correlations is omitted for brevity. 
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Results 
Descriptive Statistics 
The experiment was conducted in March/April 2014 and included one pre-test to ensure the usability of 
the user interface and the readability of the task. Invitations to participate were distributed in several 
university-administered mailing lists and on social media sites. Thus, our sample consisted of a 
particularly high share of students among the participants. However, we deliberately decided to target 
students as participants not only for accessibility reasons, but also since students constitute a main 
purchasing group, both in e-commerce in general, but also with respect to purchasing music online. 
Eventually, a total of 130 participants completed the final experiment, of which 47 (36.15%) were male, 76 
(58.46%) were female and 7 (5.35%) did not provide their gender. As expected, 98 (75.38%) and thus the 
majority of participants was in the age group of 20-29 years.  
During the experiment we recorded participants’ song ratings, as well the number of songs they listened 
to and the number of recommendations that were played or purchased by them. The main characteristics 
for the different treatment groups are shown in Table 3. The high average level of decision-making 
involvement (based on Zhang et al. 2011, also measured on a Likert-type scale from 1-7) indicated that our 
incentive scheme, offering the chance to win the songs that were selected during the experiment, seemed 
successful in increasing participants’ motivation. 
Table 3. Overview of Participation 
Treatment* CLF x BB CLF x NI CBF x BB CBF x NI 
Number of 
Participants 
33 32 31 34 
Number of Played 
Songs (Median)  
43.00 63.50 51.00 60.50 
Number of  
Recommendations 
Played (Mean) 
2.76 3.34 3.84 4.00 
Number of 
Recommendations 
Purchased (Mean) 
0.39 0.84 0.45 0.32 
Decision Making 
Involvement 
6.34 6.51 6.11 6.57 
                       
* CLF=collaborative filtering, CBF=content-based filtering, BB=blockbuster market, NI=niche market 
Test of Hypotheses 
We tested Hypotheses 1 and 2 by analyzing the total (pooled) sample of our model (Figure 2). Based on 
this, 32.9% of the variance in perceived preference fit and 7.3 % of the variance in perceived enjoyment is 
explained by the research model. Regardless of recommender technology and market characteristics, a 
significant negative effect of perceived recommendation novelty on perceived preference fit was found, 
thus supporting H1a. The effect of perceived recommendation novelty on perceived enjoyment was 
negative, and not statistically significant – therefore H1b was rejected. As hypothesized, perceived 
recommendation serendipity had a significant positive effect on both perceived preference fit and on 
perceived enjoyment, thus supporting H2a and H2b. 
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-0.449***
0.413***
0.273**
-0.038
*p<0.05, **p<0.01, ***p<0.001
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Enjoyment
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Perceived
Recommendation
Serendipity
 
Figure 2.  Measurement Model Results 
 
To analyze Hypotheses 3 and 4 and to account for the influences of recommender technology and market 
type characteristics, we split the data according to their treatment groups. Table 4 depicts the means and 
standard deviations for the construct variables for each treatment.  
Table 4. Means and Standard Deviations for the Different Treatments 
Construct/ Treatment CLF x BB CLF x NI CBF x BB CBF x NI 
Perceived Recommendation Novelty (PRN) 2.32 (1.27) 3.66 (1.61) 3.23 (1.51) 4.29 (1.57) 
Perceived Recommendation Serendipity (PRS) 2.24 (1.39) 3.72 (1.72) 2.98 (1.29) 3.39 (1.50) 
Perceived Preference Fit (PPF) 3.22 (1.96) 3.47 (1.63) 3.09 (1.48) 2.37 (1.29) 
Perceived Enjoyment (PE)  4.77 (1.53) 4.92 (1.73) 5.11 (1.18) 5.36 (1.40) 
 
Effect sizes  were  calculated  using  partial  η², whereas 0.009 constitutes a small, 0.058 a medium and 
0.138 a large effect (Cohen 1988). A two-way MANOVA revealed significant multivariate main effects for 
both recommender type (Pillai’s Trace=0.111, F=3.838, p<0.01, partial η²=0.111) and market type (Pillai’s 
Trace=0.216, F=8.472, p<0.001, partial η²=0.216), while the interaction effect of recommender and 
market type was not significant (Pillai’s Trace=0.053, F=1.733, p=0.147, partial η²=0.053). Given the 
significance of the tests of the two main influence factors, we continued with the analysis of the univariate 
effects. Significant univariate main effects were present for the influence of recommender type on 
perceived novelty (F=8.644, p<0.01, partial η²=0.064) as well as for the effects of market type on 
perceived novelty (F=21.006, p<0.001, partial η²=0.143) and on perceived serendipity (F=13.151, 
p<0.001, partial η²=0.095). The effect of recommender technology on perceived serendipity was not 
significant (F=0.617, p=0.434, partial η²=0.005). However, taking into account the fairly large mean 
differences for the different recommender groups, pair-wise differences were calculated and tested for all 
relevant combinations of treatments (Table 5).  
Pairwise comparisons of means across groups revealed that CBFs lead to significantly higher levels of 
perceived recommendation novelty in blockbuster markets. Since the effects were not significant for niche 
markets, we see partial support for H3a. In respect of perceived recommendation serendipity, CBFs elicit 
higher levels only in blockbuster, but not in niche markets, where perceived serendipity is slightly (but not 
significantly) higher for CLFs - thus there is partial support for H3b.  
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Table 5. Pair-wise Comparisons of Differential Effects of Recommender 
Technology and Market Characteristics 
Mean Differences for Different 
Treatment Groups (I-J) 
Perceived Recommen-
dation Novelty 
Perceived Recommen-
dation Serendipity 
Recommender Technology  
CLF x BB (I) CBF x BB (J) -0.90* -0.74* 
CLF x NI (I) CBF x NI (J)                 -0.64 0.33 
Market Characteristics 
CLF x BB (I) CLF x NI (J)    -1.33***      -1.48*** 
CBF x BB (I) CBF x NI (J)  -1.07**                  -0.41 
*p< 0.05, **p< 0.01, ***p< 0.001, based on LSD-test 
 
When comparing differences between blockbuster and niche markets, perceived recommendation novelty 
is higher for both recommender technologies and is therefore evidence for supporting H4a. When 
comparing levels of perceived recommendation serendipity, the differences are only significant for CLFs, 
but not for CBFs. This gives partial support for H4b.  
In Figure 3, the estimated means of perceived recommendation serendipity were plotted for each of the 
two recommender technologies and market types.  
 
 
 
Figure 3.  Means of Perceived Recommendation Serendipity 
Discussion and Further Implications 
The main objective of this paper was to unravel the effects of perceived recommendation novelty and 
perceived recommendation serendipity on the evaluation of online product recommendations and to 
account for contextual factors, involving different recommender system technologies and different market 
characteristics. Our findings provide a finer-grained understanding of users’ evaluation of online 
recommendations and help to answer the initial question of whether users want to escape from the so-
called “filter bubble”. This was necessary as previous research has focused too much on optimizing 
recommender systems for accuracy, and the IS literature had not yet theorized about how different levels 
of perceived recommendation novelty and perceived recommendation serendipity impact users’ perceived 
preference fit and their perceived enjoyment. Our results demonstrate that recommendation novelty 
alone is not a sufficient means to escape from the filter bubble, since more novelty comes at the costs of 
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lower perceived preference fit. Higher levels of perceived serendipity on the other hand can positively 
influence users’ perceived preference fit and their perceived enjoyment.  
Another important contribution of this study is related to its investigation of two antecedents of the 
perceived levels of recommendation novelty and serendipity: recommender technology and market type. 
The results show that CBF-systems are more likely to provide novel and serendipitous items in 
blockbuster markets, while this is not the case for niche markets. This is probably because CBF-
recommenders do not take the items’ popularity into account. Thus, in niche markets, the relative share of 
CBF-recommendations of niche products is likely to be larger than for CLF-recommenders. Particularly in 
niche markets, the higher values for perceived preference fit indicate that CLF-systems seem to profit 
from the quality assessment of users who have previously decided to purchase certain songs and thus 
these songs are more likely to be recommended again.    
From a practical perspective, the present results suggest that online retailers should place a stronger focus 
on providing serendipitous recommendations and integrate serendipity considerations into the design of 
recommendation algorithms. Most of the current recommender systems have been criticized to not 
sufficiently account for serendipity. Accordingly, providers of online stores need to analyze their current 
recommender systems and reassess their suitability of providing serendipitous recommendations. 
However, optimizing current recommender systems for more serendipitous recommendations is not a 
trivial task. The creation of serendipitous recommendations involves deviations from users’ predefined 
preferences. This in turn entails higher risks that users may not like recommendations, since they do not 
fit their tastes and thus users could stop following recommendations in the future (Ge et al. 2010). 
Therefore, recommender systems need to be optimized for novel recommendations that are to some 
degree aligned to users’ previous preferences. By monitoring user behavior over time, recommender 
systems could become more sophisticated in identifying such recommendations. But also since user 
preferences can change over time, it seems reasonable that serendipity metrics need to follow a user’s 
actions and interests over a longer period of time to identify patterns for deviations from users’ regular 
behavior. A time-variant factor could also be used to identify items that are “on the rise”. If items receive 
many positive evaluations or are purchased often within a short period of time, they appear to be rather 
“hip”. This could serve as an indicator that such an item would also be liked by other users who have just 
not yet discovered it. However, since users may deviate in their personal attitude towards novel and 
serendipitous recommendations, online vendors may also think about explicitly asking users about their 
individual attitude and adopt recommendations based on this. 
Limitations and Opportunities for Further Research 
Despite extensive efforts to provide an experimental environment with high ecological validity, the 
current study at hand is subject to several limitations. First of all, our experiment only covered digital 
music. Digital music is an experience good and thus it is more difficult to describe and to be evaluated 
prior to consumption. Research has shown that effects of recommender systems can differ between search 
and experience goods (Benlian et al. 2012). In addition, music is a product that is known to affect 
consumers emotionally rather than being evaluated by objective measures. Consequently, consumers’ 
perceptions and desires for novelty and serendipity may well be affected by the product type we have 
chosen and should thus be validated with other types of products.  
Secondly, even for a distinct product type the perception of an ideal level of recommendation novelty and 
recommendation serendipity may differ dependent on the concrete usage situation and the evaluation 
costs of novel or serendipitous recommendations. For users of flat-rate-based streaming services for 
instance, trying out new products may be seen as a positive experience, since evaluation costs are little. 
However, with regard to product purchases, a very high share of unknown product recommendations 
could be seen as less constructive, since users may rather wish to stay closer to their current preferences 
(Herlocker et al. 2004). We therefore encourage the analysis of the effects of different levels of 
recommendation novelty and recommendation serendipity in other usage scenarios.   
Lastly, as previously mentioned, our sample consisted of a disproportionately high proportion of students. 
We believe that due to our incentive scheme which ensured participants’ motivation and the fact that 
students are a consumer group who frequently purchases music online, they are appropriate for our study. 
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However, our results should be validated with a representative sample of Internet users to ensure that our 
sample has not confounded the results.  
Conclusion 
Recommender systems have become omnipresent in e-commerce. Their wide usage spectrum has raised 
concerns that users could too often receive recommendations for products which they are already familiar 
with or that are too similar to their previous purchases. The proposed “filter bubble” phenomenon 
motivated our research to analyze how consumers perceive recommendations of items that are different 
from previously discovered items. By drawing on concepts of recommendation novelty and 
recommendation serendipity, the present study found that perceived recommendation serendipity has a 
strong positive effect, both on perceived preference fit as well as on the perceived enjoyment of the users. 
In contrast to this, a higher level of perceived recommendation novelty reduces perceived preference fit 
and does not lead to significant changes to users’ perceived enjoyment. Theoretically, the study 
disentangles the differential effects of perceived recommendation novelty and perceived recommendation 
serendipity on both a directly recommendation-related parameter (preference fit) as well as on an 
affective parameter (perceived enjoyment). Practically, the study emphasizes that there should be a focus 
on recommendation serendipity, and not on recommendation novelty, in recommender system 
development. In respect of moving recommender algorithm design in this direction, environmental 
factors, such as the distribution of niche and blockbuster products, need to be considered. Therefore we 
advise the development of domain-specific recommender solutions. It is hoped that the present study’s 
results inspire future research which aims to improve and develop recommender systems that are capable 
of providing users with a suitable level of serendipitous recommendations. 
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Appendix 1.  Screenshot of Rating Phase 
 
 
 
 
Appendix 2.  Screenshot of Purchasing Phase 
